Background. Motion correction is a challenging pre-processing problem that arises early in the analysis pipeline of calcium imaging data sequences. The motion artifacts in two-photon microscopy recordings can be non-rigid, arising from the finite time of raster scanning and non-uniform deformations of the brain medium.
hundreds of microns present motion patterns that cannot be explained by rigid 32 brain deformations (Fig. 1a) or scanning artifacts. In modern experimental 33 conditions, with animal preparations locomoting or otherwise moving under 34 fixed or head-mountable microscopes, the mechanical strain can be significant,
35
leading to potentially non-rigid deformations (e.g., [18] ).
36
Our proposed algorithm is based on template alignment and operates by 37 estimating a non-uniform yet smooth motion field that is then applied to each 38 frame. Our goal is not to take a completely new approach to motion correction, 39 but rather to present and to make available a robust alignment method that aiming to capture non-rigid brain movement as well.
58
We present applications to simulated and resonant scanning two-photon mi-59 croscopy data and compare our method against other non-rigid image registra-60 tion methods, using three custom metrics that quantify performance in terms 61 of the crispness of registered data and estimates of residual motion. Our results
62
indicate that NoRMCorre achieves state of the art results while operating at a 63 speed not significantly slower than template based rigid alignment. and then refining the translation estimate. In the case of high signal-to-noise 76 ratio (SNR), phase correlation can also be used.
77
Under the pw-rigid approach, the FOV in any given frame is split into a set subsequently rigidly applied to it (Fig. 1b) 
156
The CM metric can be used to identify frames where the registration is suc- An alternative measure is to quantify how crisp is a summary image before and after registration. This can be done by computing the norm of the gradient A c c e p t e d M a n u s c r i p t field of the image at all pixels. If I is the summary image then its crispness can be defined as size (s x , s y ) and overlap (o x , o y ), resulting in a total size (s x + 2o x , s y + 2o y ).
222
We define the trapezoid function
similarly the function b i Y (·), and the 2d function
If I i is the registered i-th patch of the frame, i = 1, . . . , K, extended to the whole FOV, the interpolated registered frame is then given by we applied a rotatory motion field (Fig. 2a) , as an example of non-rigid defor- i.e., the difference between true and estimated shifts (Fig. 2e) , normalized by 3.2. Application to in vivo mouse parietal cortex data.
304
We tested the algorithm on data collected in vivo with a two-photon micro- to plain rigid motion correction, which in turn improved significantly over the 313 non-registered data. Fig. 3a shows a 100 × 100 pixel patch of the resulting mean 314 for raw, rigid and pw-rigid corrected. By inspection, the pw-rigid correction 315 preserves more fine structure, something that is also captured by the crispness 316 of the mean metric (Table. 1). The same trend is also observed for the CM 317 metric (Fig. 3b) and the average ROF per frame metric (Fig. 3c) the boundaries (Fig. 3e) . Fig. 3d shows the displacements along the x-axis for expression in the structural channel may be sparser (e.g., only inhibitory neu-396 rons), impeding the ability for high quality registration.
397
A c c e p t e d M a n u s c r i p t
To test this approach we applied our algorithm on a different mouse in vivo,
398
parietal cortex, two-photon dataset that co-expressed GCaMP6f and mCherry.
399
The FOV was originally split in 4×4 grid of patches each of size 128 × 128 pixels Table 2 with the results being perceptually identical (Fig. 4a) . In fact all the metrics 411 indicate that applying either the red or the green shifts to the data from the 412 same channel leads to largely similar results (Fig. 4d,e) .
413
A more direct comparison can be made by comparing the shifts during pw-
414
rigid registration across all patches (Fig. 4b-c. Fig.4b shows the difference in high degree of similarity between the "red" and "green" shifts demonstrates the 
432
The results as summarized in Table 2 registered with the same shifts computed from one of the two channels ( Fig. 4c-442 bottom). A close inspection of Table 2 suggests that for a given set of shifts, the non-uniform differences between the two mean images (Fig. 5a, right) . NoRM-
457
Corre outperformed the LK method (which delivered the second best results) 458 on most frames on the residual optical flow metric (Fig. 5b) . Fig. 5c shows the from the registration of low SNR, sparse, or corrupted frames.
494
To better quantify the benefits of piecewise rigid registration over rigid regis- 
516
The datasets used as examples in this paper pertain to two-photon, two-517 dimensional, raster scanning imaging of mostly cell bodies. However, our ap-518 proach can also be applied to other types of imaging datasets. For the case 519 of one-photon, microendoscopic data, high pass spatial filtering can be used to
520
A c c e p t e d M a n u s c r i p t remove the bulk of the smooth background signal created by the large integra-521 tion volume, and create stark reference points, prior to applying registration.
522
NoRMCorre can also be readily applied to dense volumetric data (e.g., SCAPE SIMA: Python software for analysis of dynamic fluorescence imaging data.
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A c c e p t e d M a n u s c r i p t A c c e p t e d M a n u s c r i p t A c c e p t e d M a n u s c r i p t d-bottom: Same scatter plot this time for pw-rigidly registered data using the green shifts. In both cases, the ROF between the two channels is highly similar and very correlated, indicating that the dense OF algorithm is a reliable measure of residual motion. e: Average per frame ROF for raw and corrected data of red channel (top) and green channel (bottom). Results are shown for correction using both the shifts calculated on the structural channel (red) and the shifts calculated on the functional channel (green). In both cases registration using the shifts of either channel leads to very similar results (see also A c c e p t e d M a n u s c r i p t
HIGHLIGHTS
• A method for non-rigid motion registration of calcium imaging data is proposed.
• The method is fast and can be run online on large volumes of streaming data.
• New metrics are proposed to quantitatively assess the registration quality.
• Implementations in Matlab and Python are provided.
